Given the large volume of soil data, it is now possible to obtain a soil classification using spectral, climate and terrain attributes. The idea was to develop a soil series system, which intends to discriminate soil types according to several variables.
Supervised modeling to predict soil classes
In order to evaluate the performance of predicting soil classes, we applied a supervised classification method. Random Forest (RF) was the algorithm selected with 10-fold cross-validation setting. In the first modeling approach, with only the PCs (derived from the spectra) were applied as independent variables (Figure 1 ). In the second approach, we added the climatic and terrain variables with the PCs and applied the RF to predict the soil classes. The purpose was to evaluate the improvement when 100 adding climatic and terrain variables to the model. The results were shown by the confusion matrix and the overall accuracy of the model. From the RF model, we were able to obtain the importance of each variable in the classification. The flowchart presents the both classification approaches (1: applying only spectral data, 2: applying spectral, climate and terrain data) and the locations of the soil sites in Brazil (Figure 1 ).
Unsupervised modeling for the new classification 105
To derive the classification system, we needed to select the optical number of classes. The unsupervised classification was performed by the k-means clustering analysis. In the first approach, we applied only the spectral data in the k-means clustering.
Thereafter, we added climatic and terrain variables with the spectra and performed the k-means clustering again. With this 4 https://doi. org/10.5194/soil-2019-77 Preprint. Discussion started: 20 November 2019 c Author(s) 2019. CC BY 4.0 License. Figure 1 . Location of soil sites in Brazil and classification approaches 1: Models with only spectral data, 2: models with spectral, climate and terrain data. procedure, we were able to explore the advantages/disadvantages of adding climate and terrain data to aggregate the groups. To obtain the optimal number of clusters, the Akaike information criterion (AIC) was used. The lowest value of AIC was assumed 110 to be the optimal number of clusters, which can represent the most appropriate number of SEC classes. We select the lowest number by data driven applying 30 times the AIC analysis, then we selected the overall modal value. The AIC was performed using the values from 1 to 15 clusters.
Soil-Environmental Classification
The number of optimal clusters, performed by the k-means clustering analysis, was referred as SEC classes. The association 115 between traditional soil classes and SEC was showed by projecting the discriminant coordinates. This procedure allowed to identify the homogeneity of the classes and additionally, the proximity of the classes and the relation between them. The correlation between soil classification and SEC classes was arranged in a table. The characterization of each SEC class was performed by evaluating the relationship between categorical variables, including soil, climate and terrain variables. The discrimination by PCA revealed that the first 10 PCs accounted for 94.5% of the variance explained ( Figure A1 , supplementary data). In order to capture the maximum variation of spectral data, the first 10 PCs were considered as the spectral information to predict the traditional soil classification and to develop the SEC. Vasques et al. (2014) applied 20 PCs to derive the classification models. The eigenvectors of PC1 to PC10 represent the important spectral features and the contributions of 125 the absorbance at individual wavelengths ( Figure A2 , supplementary data). According to Viscarra Rossel and Webster (2011), the functional groups of minerals and organic components that were most useful in the discrimination of soil classes were those that are related to iron oxides (430, 495 and 570 nm) O -H in minerals (1420 nm), H -O -H in smectite (1900 nm), organics and clay minerals (2150 nm), and Al -OH clay minerals (2250 nm). The wavelengths for these absorption are approximate. For Bishop et al. (2008) , the reason they may shift from the expected wavelengths is because real molecules do not behave totally 130 harmonically when they vibrate and also for the reason that the differences in measurement conditions and instrumentation.
Predicting traditional soil classes
The performance of RF model showed an overall accuracy of 83% using only spectral data (Table A1 , supplementary data).
The confusion matrix and accuracy deriving from the RF analysis applying spectral, climatic and terrain variables are shown in Table 1 . The overall accuracy for this classification model by RF was superior reaching 88%. The values in the matrix 135 are the number of samples in each class allocated by the RF model. Three soil classes had an improvement of 10% or more in the prediction when climatic and terrain variables were added to the model. The overall accuracy of Cambisol went from 73.8% to 83.8%, Gleysol from 84.2% to 94.3%, and Ferralsol, which presented the largest improvement, from 56.3% to 72.5%. The RF model with spectral, climatic and terrain data was able to assign the correct soil class in a very prominent accuracies for Histosol, Luvisol, Planosol, Nitisol, and Gleysol reaching values higher than 94.3%. The Ferralsol was the most 140 misclassified class, where the accuracy reached only 72.5% and, consequently 27.8% were re-allocated to other classes but mostly in Arenosol (14%), Lixisol (7%) and Regosol (3%) ( Table 1) . Regosol showed a class accuracy of 72.9%, and most of its misclassification were re-allocated in Cambisol (13%) and Ferralsol (7%). Cambisol presented relatively moderate class accuracy (83.8%) with most of errors re-allocated in Regosol (6%). Both Cambisol and Regosol classes presented similarities.
Regosols comprise soils in unconsolidated deposits that hardly show signs of pedogenesis with no B horizon and Cambisols
145 present beginning of soil formation with weak horizon differentiation. As for the Arenosols (class accuracy of 76%), the misclassification was predominantly observed with Ferralsol, Lixisol and Planosol. The Lixisol (class accuracy of 79.9%) misclassification was also occurred with Ferralsol (9%) and Arenosol (7%), indicating that these three classes present common soil properties. The Arenosols are soils with little or no profile differentiation with texture class of loamy sand or coarser. The majority of Ferralsols in the current data set contained high sand content. The same occurred with Lixisols. These two soil 150 classes presented the sandy characteristic because they are predominantly derived from sandstone rocks. This was the reason Table 1 . Confusion matrix and accuracy of soil classification model using spectral, climatic and terrain data. Overall Accuracy (%) 88 why these three classes were not well distinguished by the modeling. Overall, not all misclassifications are negative and some classes are very similar in properties and use, while other classes are radically different.
Variable importance from the soil classification model
The variables importance derive from the RF model were represented in Figure 2 . The variable importance for the spectral 155 data is represented by the 10 PCs. PC1 presented an importance by more than 50% to discriminate almost all soil classes, with the exception of Cambisol. PC1 showed significant contribution to distinguish soils with absorption effect on visible region (380 to 740 nm), where the characteristics of iron oxides are present ( Figure A2 , supplementary data). The PC1 also exhibited important bands related to hydroxyl bonds (1420 and 1900 nm) and with organics and clay minerals peaks (2150 and 2250 nm). The remaining PCs showed important bands in the same features but with variation in intensity. Ferralsols and Nitisols are 160 associated with iron oxides in the visible region of the spectrum, which the PC1 showed high contribution. Planosols contain high clay in the subsurface horizon, which indicates the presence of clay minerals. Histosols are rich in organic minerals, which are presented in the PC1. These soil classes were the ones with the higher variable importance considering the spectral data (PC1 had 47% of variance explained). As the variance explained in the PCs was dropping, its importance in the classification was reducing as well.
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The variables expressing the color characteristic are Ha, v and c. The color, specifically Ha and v, was important to discriminate Ntitsols. Hillshade, TPI, roughness, aspect and TRI showed relatively low to median importance for all classes, and they were most significant to distinguish the Planosols. As this class present impermeable subsoil with significantly more clay in the subsurface horizon and typically located in seasonally waterlogged flat lands, these terrain variables were able to discriminate it. DEM showed high importance for Lixisols and low for Ferralsols, what indicates that the Ferralsols are located in different sections of the landscape and are not limited to just a certain altitude. The high DEM range effected negatively the importance of this variable to predict Ferralsol. The PotEvapoTransp was most important for Arenosols. Since this soil class present a high sand content, especially in the surface horizon, the PotEvapoTransp is elevated, which contributed to discriminate them.
SWB was important variable to discriminate the Lixisols and Arenosols. Lixisols are soils with subsurface accumulation of low activity clay and high base saturation with moderately drained (because of the argic horizon), they may present a low water 175 retention capacity. SWB refers to the amount of water held in the soil. Because Lixisols are soils that can hold a limited amount of water, there is a risk of percolation in depth or runoff in high precipitations. For the Arenosols, the high content of sand fraction in the entire profile contributed for a high importance of SWB to predict this class. The temperature was important to discriminate the Cambisols, since these soils were located mostly in the South and Southeast regions of Brazil were the average annual temperature was low. The annual precipitation was important variable for Lixisols and Gleysols. As high precipitation 180 is associated to high soil moisture content and these two soils have an impermeable subsurface horizon condition, superficial water retention and consequently high soil moisture. Subsequently, the clustering analysis using spectral, climatic and terrain data were performed. The projection of the discriminant coordinates showed that climate and terrain data reveled that the SEC classes were more gathered (Figure 4) , compared 205 to the clustering analysis with only spectral data ( Figure 3 ). The SEC 1 and 3, which correspond mainly to soil classes of Ferralsol, Nitisol and Lixisol, had a more widespread distribution of samples ( Figure 4 ). This arrangement was also observed in the correlation between soil class and SEC using only spectral data (SEC 7, Table 2 ). Two soils presented association with SEC 2, Luvisols and Planosols (Table 3) . SEC 3 showed correlation with Cambisols and Nitisols. The SEC 4 presented only 42 observations, mostly belonging to Gleysols and few to Histosols. These soils were grouped in a specific SEC because they 210 are located in flat lands with DEM close to sea level, with great annual temperature and precipitation, compared to the Gleysols clustered in SEC 6. SEC 5 presented high correspondence with Arenosols and as in the analysis with only the spectra also showed correlation with Ferralsols (SEC 1, Table 2 ). SEC 6 showed high association with Gleysols. SEC 7 was formed by Histosols and SEC 8 by Regasols. The climate and terrain variables were able to discriminate SEC more properly, but some soils were located far from the center of the class. These soils may have similar properties to other classes but not enough to fit 215 into them.
Discussion
The Vis-NIR spectroscopy is a technology with the advantages of being faster and cheaper than the traditional soil analysis, with accurate soil classification prediction and enable to acquire the spectra in situ (Debaene et al., 2017) . Teng et al. (2018) also demonstrated the benefit of the technique when updated the Australian Soil Classification with spectroscopic predictions with 220 similar or better correspondence for some classes. In this study, the 10 PCs carried sufficient spectral information to suitably classify the soil as indicated by the overall accuracy (83%) of RF calibration model. Vasques et al. (2014) applied 20 PCs in their study to classify the soil order, and achieved an overall accuracy of 91.6% and 67.4%, for calibration and validation, respectively. The prediction of traditional soil classes applying only the spectral data is considered an excellent prediction tween them is that the Planosols have an abrupt textural difference in the first 100 cm of soil surface. Gleysols have gleyic properties throughout the entire profile. The Histosols were discriminated in a particular SEC. This demonstrates that organic soils are very unique, since they present surface horizons rich in organic matter and B horizons dominated by accumulated organic compounds, characterizing dark colored soils. In the discrimination of Australian soil classes applying Vis-NIR spectra, Viscarra Rossel and Webster (2011) were also successfully able to differentiate Histosols from the other soils.
265
For practical applications (land use and agricultural management), the arrangement of certain classes with similar chemical, physical and/or morphological characteristics is not detrimental, since the decisions about these soils are usually very similar, suffering only minor changes in specific situations (Vasques et al., 2014) . Some of the differences between the traditional soil classes are mainly based on specific soil properties and others more on the morphological determination in the field. For instance, the difference between Ferralsols and Nitisols is minimal and for the new generation of Pedologists this distinction 270 is somewhat tricky. We are not claiming that the role of the Pedologist is not important. On the contrary, there is no way to eliminate it. When is the case of field evaluation to relate the soil-environment formation, the importance of empirical process increases, then when it comes to modeling or digital mapping, this significance diminishes. In terms of agricultural management in natural conditions, Nitisols can provide greater agricultural production, but this may vary for a number of reasons, and therefore these two classes present practically no management distinctions. For some other classes, such as Cambisols, its 275 classification is intrinsic by the Pedologist to distinguish whether there is or not a presence of sufficient pedogenesis in the subsurface layer to qualify it as Cambic horizon.
The current soil classification system derived are quite specific to our set of soil classes. We understand the importance of covering the greatest possible number of soil classes. We encourage further research with a larger and diverse types of soil, possibly in a global level. Despite this, the SEC demonstrated substantial findings regarding the grouping of soils and 280 the utilization of climatic and terrain variables that relates soil-environmental information. As the soil formation is depend on environmental factors, we included climatic and terrain data to simulate the tacit knowledge of the soil-landscape relationship that is taken by Pedologists, who derive traditional soil classification.
This study sought to develop a classification system using quantitative data. The addition of climate and terrain data was beneficial and positively collaborated to better distinguish the SEC classes. Moreover, the 8 SEC classes can be individually 285 categorized by observing their soil, climate and terrain properties. The generalised relationship between SEC classes and these properties are shown in Figure 5 . The outcomes showed that this classification system proposition could group soil with similar properties. This study can assist the universal soil system, which demand less interference of soil analysis, less personal/subjective data, less need of Pedologists, since their inferences are qualitative, and more use of automated devices, sensors that can get quantitative information regarding the soil. Lastly, we described the concept and characterization of each 290 SEC. Figure 6 is showing the shapes of each spectral curve for all SEC classes.
• SEC 1: Soils with high sand, medium clay and low silt contents, medium organic carbon, low fertility, annual temperature around 22°C, high annual precipitation, soil water balance and potential evapotranspiration and located in medium elevation.
• SEC 2: Soils with low sand and medium clay and silt contents, medium organic carbon content, low fertility, annual temperature around 23°C, low annual precipitation and soil water balance, with medium potential evapotranspiration and 295 located in medium elevation.
• SEC 3: Soils with similar sand and clay contents (medium) and low silt content, high organic carbon, medium fertility, annual temperature about 20°C, high annual precipitation and soil water balance, with medium potential evapotranspiration and located in high elevation (in irregular/roughness areas).
• SEC 4: Soils with low sand, medium clay and silt contents, low organic carbon, high fertility, high annual temperature 300 around 26°C and annual precipitation, high soil water balance and potential evapotranspiration and located in low elevation.
• SEC 5: Soils with high sand and low clay and silt contents, low organic carbon content, low fertility, annual temperature around 22°C, high annual precipitation and soil water balance, with high potential evapotranspiration and located in high elevation.
• SEC 6: Soils with low sand, high clay and medium silt contents, low organic carbon content, high fertility, annual temper-305 ature around 21°C, high annual precipitation and soil water balance, with medium potential evapotranspiration and located in low elevation areas.
• SEC 7: Soils high sand and low clay and silt contents, high organic carbon content and fertility, high annual temperature around 23°C, medium annual precipitation, high soil water balance, with low potential evapotranspiration and located in low altitudes.
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• SEC 8: Soils with relatively balanced sand, silt and clay contents, high organic carbon content, low fertility, low annual temperature (19°C), high annual precipitation and soil water balance, with low potential evapotranspiration and located in low elevation.
Conclusions
We proposed a soil system that takes into consideration data from spectra, climatic and terrain, and because of these charac-315 teristics we called Soil-Environmental Classification (SEC). The SEC was defined with 8 classes according to AIC criteria by clustering analysis. Soil classes like Ferralsols and Nitisols share many soil and environmental characteristics and are difficult to distinguish, however other soil classes, such as Histosols, are relatively distinctive from the others and, consequently, it was possible to categorize them in a particular SEC. This innovative soil system facilitated the identification and grouping of soils with similar characteristics due to the use of environmental variables. The conceptual characteristics of the 8 SEC classes can 320 incorporated more soil information for the agricultural management, with less interference of personal/subjective information, and more reliable on automated measurements by sensors. We believe that this classification system can provide extra information needed for the better understanding and sustainable management of soil. The development of soil systems such SEC can assist in the distinction of soil types and serve as a new soil data source. Figure A1 . Cumulative variance explained for the 10 principal components. Figure A3 . The AIC criteria showing that the lowest value was found with 8 clusters. Table A1 . Confusion matrix and accuracy of soil classification model using only spectral data.
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